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Abstract 

This research seeks to investigate whether systematically designing the layout of 

supermarkets can effectively influence customer shopping decisions. We argue that 

utilizing analytical models for optimally locating products within the store layout 

can increase the exposure of "impulse items ", thus potentially inducing changes 

in the customer final shopping lists. 

Supermarkets have the potential to sway customers shopping list by promoting 

"impulse items" throughout the store. The customer is often submerged with 

various items during their shopping trip. For instance, strategically placing the 

diary department in the rear end of the market exposes customers to an array of 

promotional products that serve as external memory cues that simulate new needs 

or triggers forgotten needs. Supermarkets can use this power to promote healthy 

products to fight against obesity; since obesity is linked to more than 60 chronic 

diseases. According to the American Cancer Society, 572,000 Americans die of 

cancer each year where one-third of these cancer deaths are related to excess body 

weight , poor nutrition and/or physical inactivity. 

This project will investigate how a retail store layout can influence customers 

decisions by: (I) How to use historical purchase data in order to understand 

the customers shopping patterns, and identifying customers plan and unplanned 

purchases? (2)How to build a data driven model that finds the optimal layout of 

traditional retail store, by increasing the visibility of "impulse items"? (4) How 

to optimize the product placement of items in promotional areas? (5) Building a 



framework for a Recommender System for an Online Supermarket. It is imperative 

to collect customer data to accomplish the objectives for the sake of understanding 

customer shopping patterns in a retail store. The data will serve as inputs for the 

proposed models and validate models. 
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Chapter 1 

Introduction 

1.1 Introduction and Motivation 

The retail industry is a vital sector for economies worldwide that is often plagued 

with high competition, t ight profit margins, and demanding customers. In the 

United States, many tradit ional supermarkets are faced with the challenges of 

maintaining and gaining market shares since many stores have lost market shares 

to low cost operators such as Walmart and Costco. To maintain competitive many 

U.S . supermarkets enhanced the consumer experience by rendering exceptional 

customer service and creating an environment where customers are encouraged to 

elongate t heir shopping trip. For instance, t he retail chain whole foods in down

town Austin, Texas allures customers by having a skating rink in t he winter where 

customers are able to socialize and have fun [5]. Recent advances in marketing 

research reveal that encouraging customers to walk longer paths can often increase 

spending because they are exposed to more products. Retailers can then increase 
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their sales by using the store layouti.e. , the design of the aisles and the product 

locationto extend the customers shopping paths and thus indirectly motivate them 

to purchase items that are not originally on their shopping list . 

The tight profit margins make it difficile for supermarkets to control their opera

tional costs because on average supermarkets makes a 1 % - 3% profit margin per 

item. Therefore, supermarkets cannot prosper when items are not being sold in 

significant volumes [6], and this is the primary cause of food deserts in the United 

States. Food deserts are where a population of people has insufficient access to 

fresh and healthy foods that supermarkets offer. 

" Food Deserts" are typically low income areas that have very limited access to 

supermarkets and are usually found in communities of color [7]. Studies have 

found that wealthy districts tend to have three times as many supermarkets as 

low-income communities. Predominately white neighborhoods contain an average 

of four times as many supermarkets as predominantly black communities [8], where 

the grocery stores typically have a smaller selection. "Food Deserts" may be under 

reported because the North American Industry Classification System classifies 

delicatessesn in the same categories as supermarkets. The delicatessen in these 

neighborhoods are likened to only having access to a 7-eleven in your neighborhood 

and are often filled with unhealthy snacks and soft drinks, where there is no variety 

in healthy foods and to purchase items in large quantities are not economical. A 

Resident who buys groceries at small local stores pays between 3% and 37% more 

than people who buy the same products at supermarkets . 
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In order for supermarkets to remain successful, they must become experts at tar

geting specific customer segments. Customers have distinctively different needs, 

and the shopping list amongst dissimilar customer varies. A list of purchases 

depends on a person 's diet , ethnicity group , sex, age and profession. Understand

ing a customer's shopping list is beneficial to supermarkets because they can use 

this information to determine the optimal product placement inside of a grocery 

store. They can use this information to understand what are customers' "impulse" 

and "must-have items". The term "impulse buying" is generally considered to be 

synonymous with "unplanned buying" -it describes any purchase which a shopper 

makes but has not planned in advance [9]. 

The social impacts bestowed are supermarkets can use the algorithms and models 

to advertise healthy and local goods. Many millennials are becoming more health 

conscience than older generations [10]. Furthermore, the advertisement of local 

goods will generate local companies more sales and goods that are purchased 

locally benefits the community because every dollar spent generates twice as much 

income for the local community [11]. 

Designing a store layout that increases "impulse sale" is a challenging task. Sev

eral requirements must be considered for finding a successful design such as size, 

space, and adjacencies requirements. In addition to increasing the length of the 

shopping path for the average customer, the layout must ensure that the customers 

encounter several products that may trigger potential "impulse sales ", without ex

ceeding the point in which the extra length becomes noticeable and burdensome 

for the customers. 
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1.1.1 Objectives 

T he objective of t his research is to contribute to t he facility design literature 

by decreasing t he risk of supermarkets operating in food deserts, and influence 

customers to purchase "impulse items" in supermarkets. T he goal is to use op

t imization tools t hat will augment retail store sales by increasing t he visibility of 

"impulse items". T he simulation t hat was built can determine optimal layouts of 

a physical store , and establish t he optimal product placement of "impulse items" 

in promotional areas. 

T his research contributes to t he literature by analyzing t he physical and online 

layout of a supermarket , and developing a simulation and mathematical models 

t hat will optimize t he visibility of items in supermarkets. 

The primary contributions of this research are : 

1. Understand what items constitute s as "impulse purchases " and 

elements in a retail store that influences customer purchase deci

sions. It is important to identify t he different types of customers profiles 

t hat frequent ly shop at a grocery store. This can be found by clustering his

torical transaction data of a supermarket . Commonly bought items for each 

cluster will have unique "must have " and "impulse items ", and t he clustered 

data will be valuable inputs in a quant itative model. 

2. Develop models that will find the optimal layout of an entire retail 

store . Wit h regards to increasing supermarket revenues, retail stores can 
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increase their profit by strategically placing items. We create a simulation 

of supermarket using python, and hone the model by collecting real data 

from a retail store. In previous studies, t he walking paths of customers in 

grocery stores are compared to the optimal solution of the traveling salesman 

problem (TSP ), and researchers have found that customers do not take the 

shortest path. This research differs from work in the academic literature be

cause we elaborates the path generation created by [12], and the simulation 

of customers will be viewed as individuals with bounded rationality, and will 

traverse the supermarket by stochastically looking forward one-step (pur

chase) at a time. A probabilistic algorit hm is used that mimics the one-step 

at a time approach to determine what a customers path should be. 

3. Product placement in promotional areas in a retail store. The intent 

is to optimize the product placement in t he promotional areas and discover 

optimal time periods to remodel these areas. The end-cap aisles are the 

most visible areas of a supermarket and can influence customers to purchase 

more items. In addit ion, local and healthy goods could be ranked higher 

than other impulse items in the model to promote customers to invest more 

money in their communities and encourage shoppers to eat a healthier diet. 
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Chapter 2 

A Simulation Based Tool to 

Guide Periodic Changes in a 

Supermarket Layout 

2.1 Introduction 

The significance of this research is to provide a tool to optimize the block and 

detailed facility design of a supermarket. The supermarket industry is a vital 

sector for economies worldwide that is often plagued with high competition, tight 

profit margins, and demanding customers. Recent advances in marketing research 

reveal that encouraging customers to walk longer paths can often increase spending 

because it exposes them to more products. Supermarkets can use this tool to 

increase their sales by using data from their store layouti.e., the design of the 
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aisles and the product locationto extend the customers shopping paths and thus 

indirectly motivate them to purchase items that are not initially on their shopping 

list [12]. Designing a store layout that increases impulse sales is a challenging 

task. There are several requirements to consider for finding a successful design 

such as size , space, and adjacency requirements. In addition, to increase the 

length of the shopping path for the average customer, the layout must ensure that 

customers encounter several products that may trigger potential impulse sales, 

without exceeding the point at which the extra length becomes noticeable and 

burdensome for customers. 

Facility design methods traditionally focus on finding layouts that minimize the 

material handling [13]. In such models the data that is needed is the interde

partmental material flow matrix, and the distance matrix. The interdepartmental 

material flow matrix usually contains the pallets, trips, or pounds per day for every 

period [13], and the data may change from period to period due to the following 

factors [13, 14]: 

• Product related: Changes that may include the design of a product , in the 

quantity to be produced or may involve the introduction of a new product 

[13]. 

• Process related: Changes that may include the process plan for some prod

ucts or may relate to the introduction of new special purpose machinery 

[13]. 

• Production related: Machine breakdowns requiring long periods of down

time , changes in schedules, unavailability of materials and/ or tools may be 
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included [13]. 

• Management related: Changes that may include the organization structure 

that in turn may be caused by changes in management philosophy [13]. 

• Demand related: May include seasonal fluctuations in demand and growth or 

decline in the demand for a product. They also may involve special one-time 

orders for particular items [13]. 

The factors that affect the interdepartmental material flow matrix of a manufactur

ing plant are similar to the traffic flow of a Supermarket. A product related issue 

would be the introduction of a new product or department that causes customers 

to alter their normal paths. A production related issue is similar to shortages in 

a product or discontinuation of a product that can affect the customer flow of a 

supermarket . A management related issue would be the switch of managers and a 

change of philosophy on how the supermarket should run. A demand related issue 

is similar to the demand product may change due to different season and change 

in customer buying patterns. 

Impulse item visibility and customer travel distance are the two primary perfor

mance measures to evaluate layout design effectiveness. To capture these two 

performance measures we develop a simulation model that mimics the behavior 

of customers inside of a supermarket layout. Customer travel behavior inside of 

a supermarket is influenced by many different factors , such as the placement of 

departments within the physical store (i.e. supermarket block layout) and the 

allocations of various items on the shelves of the supermarket (i.e. supermar

ket detailed layout) . We use simulated customer paths to develop estimates for 
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visibility of different areas during their shopping trip. 

In traditional facility layout design models, t he block layout and the detailed 

layout of a plant do not have a direct correlation. The relative placement of each 

department (block layout) is first determined, followed by a detailed layout for each 

department which spatially arranges the machines in each department. However, 

in a supermarket, the block and detailed layouts impact each other. Even a minor 

change in the block layout can impact customer flow patterns and necessitate a 

change in the detailed layouts for several sections of the supermarket. In t his 

paper, we develop an approach to optimize both block and detailed layouts for a 

supermarket . This research can be used to study the impact of various actions 

on the layout of a supermarket, such as: (i) introducing a new set of items, (ii ) 

deleting a set of items, (iii) increase or decrease in the percentage of a customers 

who are interested in purchasing an item, (iv) consideration of a flexible layout 

that works across different scenarios. 

2.2 Relevant Literature 

There are four recent models to improve a retail layout by maximizing impulse 

item sales. We discuss these four works in section 2.1. To develop our model we 

utilize concepts from traditional facilit ies design ; relevant contribut ions from these 

areas are reviewed in sections 2.2 through 2.6. 
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2.2.1 Previous approaches to improve a store layout to 

max1m1ze impulse sales 

T he most recent works done in store layout design are dissertations by Li [15], 

Botsali [3], and Ozgormus [16]. A dissertation written related to retail stores by 

Li [15] optimizes t he store layout by having a floor plan t hat promotes sales and 

is accomplished by maximizing t he area exposure and opt imizing t he adj acency 

preference of all departments. Botsali [3] analyze t he grid , serpent ine and hub

and-spoke layouts, and evaluate t he performance of ment ioned layouts concerning 

impulse purchase revenue and customer travel distance. Ozgormus [16] research is 

t he integration of stochastic simulation and optimization together to solve grocery 

store layout problems. In addit ion to t he above t hree dissertation , Hui , Fader, and 

Bradlow [17] model shopper travel behavior wit hin a supermarket t hrough a sim

ulation model and conclude t hat relocating t hree destination categories increases 

impulse buying by 7.2%. 

2.2.2 The facility design problem 

A facility layout is a strategic decision-making tool t hat influences t he profits 

and operations of an organization. Tradit ional fac ility layout methodologies often 

involve t he arrangement of different facilit ies so t hat t he total cost to move ma

terials between fac ilit ies is minimized [18]. T he intent is to find t he most efficient 

arrangement of m indivisible departments wit h unequal area requirements wit hin 

a fac ility [19]. 
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Facility layout problems have a significant impact on manufacturing costs, work 

in process, lead times and productivity. The academic literature is profuse with 

facility design problem applications to manufacturing plants respond to significant 

increase or decrease in demand of a product , decisions to build a new facility or 

lease temporary storage space. The decision to place a new machine, or adding a 

new product line may have a significant effect on the flow of materials and handling 

cost in a manufacturing plant. Strategic placement of facilities contributes to the 

overall efficiency of operations and can reduce up to 50% the total operating 

expenses [14]. In contrast to a manufacturing facility, we apply facilities design 

principles to find the best block and detailed layouts of a supermarket. In lieu of 

minimizing the material handling cost , our objective is to maximize supermarket 

sales, which translates to maximization of impulse item purchasing. 

2.2.3 Store Layout 

Facility design problems frequently involve the determination of site locations, a 

block layout , and detailed layouts. The model in this paper focuses on finding the 

optimal block layout for the supermarket and detailed layouts for various blocks 

of the supermarket. The most common block layouts for stores are grid layout, 

freeform layout, racetrack layout , and serpentine layout [15]. 

The block layout of a retail store specifies the location of every department and 

is determined by using various facilities design methods. There are two meth

ods that are commonly used to determine block layouts, and Relationship (REL) 
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diagram which works from qualitative data assessments and the quadratic assign

ment problem (QAP) which works from quantitative data assessments. The REL 

diagram is an activity relationship diagram that describes the spatial relationship 

between departments. The quadratic assignment problem (QAP) allocates a set 

of facilities to a set of locations, where the distance and flow between the facilities 

is a cost function. 

A grid layout is the typical layout of a grocery store and is preferred in a grocery 

store atmosphere because the grid layout is excellent for customers who have pre

planned purchases [15]. Figure 2.1 is a visual representation of a grid layout . The 

serpentine layout is a special case of the grid form. This layout is rarely used 

in retail stores and has few entrances and exits. This layout forces customers 

to walk only one route throughout the grocery store that traverses all the floor 

space. Two stores that have adopted a serpentine layout are Aldi and Ikea [15]. 

The racetrack layout leads customers along specific paths to visit as many store 

sections or departments as possible. The main aisle facilitates customers around 

the store and is mainly used in department stores [15]. The freeform layout has 

a free-flowing pattern, where customers are able to move around freely throughout 

the store, and have long aisles that are parallel to each other. This type of layout 

is appropriate for fashion stores, because usually customers who enter this store 

do not have a pre-planned purchase, and the free flow layout give customers the 

ability to move around the retail store freely. 
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Magazinesandseasonal display 

FIGURE 2 .1: Grid [l ] 

FIGURE 2.2 : Serpentine [l ] 

FIGURE 2 .3: Racetrack [l ] 

Bedding and bath products 
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FIGURE 2 .4: Freeform [1] 

FIGURE 2.5 : Different types of store layouts 
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2.2.4 Impulse Purchases 

The phrase "Unseen is unsold" is one theory that describes the cause of " impulse 

buying," because shoppers often use physical products in the store as external 

memory cues that simulate new needs or trigger forgotten needs [20]. The mem

ory cues in retail stores can also be referred to as the exposure to in-store stimuli 

hypothesis [21]. This theory assumes that impulse items are caused by memory 

cues in the store such as product displays, shelf layouts, atmospheres and promo

tional advertisements. 

The authors Hui et al. [20] did a field experiment to evaluate the effectiveness 

of mobile promotions in a retail store . The mobile promotion used coupons 

to deviate customers path, by making the customer path longer inside of the 

grocery store. They found that this resulted in a substantial increase in unplanned 

spending ($21.29) as they often used a coupon for an unplanned category near 

their planned path ($13.83). A simulation created by the authors suggest that 

strategically promoting three product categories through mobile promotion could 

increase unplanned spending by 16.1%, and found that relocating three destination 

categories increases impulse buying by 7.2%. Flamand et al. created a group-based 

model that allocates product category groups to shelf and subsets of the groups to 

aisles. The objective of their model is to maximize the impulse purchase reward 

[22]. 
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2.2.5 Shelf Space Allocation 

Strategic placement of items on a shelf influences t he sales of items. Therefore, 

shelf space allocation is regularly manipulated by retailers to increase sales and 

profits [23]. For instance, products with high gross margins frequent ly are dis

played in supermarkets at highly visible areas of t he supermarket, such as locations 

at eye-level and high traffic areas. Overall, shelf allocation is an important tool in 

attracting customers attent ion and impacts t he retailers profit , since t he visibility 

of an item relies heavily on its shelf placement and space allocation. Retailers tend 

to allocate more space to brands t hat have a higher contribut ion to t heir profit . 

The three different shelves in a grocery store are often categorized as eit her bulls

eye black , kids eye-level shelf, top shelf, and bottom line. The bulls-eye block 

is t he prime shelf level, and items placed on t his level are wit hin t he customers 

eye-level; t hese items tend to have more visibility t han t he other shelves. Man

ufacturers often give retailers supplementary money to place items on t his shelf. 

Moreover, t he kids level are usually places t hat are visible to children, where t hey 

can reach out and grab products t hat are appealing to t hem. Shoppers wit h chil

dren usually spend 10% to 40% more t han other customers. Lastly, bulk and store 

brands items are located on t he bottom shelf, since customers who are hunt ing 

for a good deal will always find t hem. The t hesis written by Coskun created a 

shelf allocation maximization model t hat improves a retailers profitability by us

ing adjustable shelf heights [24]. The proposed model increased profitability by 

about 7% compared to t he convent ional models t hat exist in t he academic litera

ture. The shelf allocation model captures t he visibility of t he impulse items in a 
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grocery store. The importance of incorporating a shelf allocation model is because 

an impulse item may be in a prime location, however, if the item is not at the eye 

level t hen t he customer will be less likely to see t he item. 

2.2.6 Travel Patterns 

In recent research it was found that shoppers tend to travel only select aisles in 

t he grocery store, and customers rarely zig-zag t hroughout t he aisles of t he store. 

Even in trips t hat had extensive aisle travel, customers were less likely to travel 

t he ent ire length of t he aisle. There are two methods to model customer travel 

paths, one method is to assume t hat customers always travel to t he next closest 

block [2], and t he other method is to assume that customers use t he opt imal 

traveling salesman path t hat covers all of t he blocks t hat t hey wish to visit in t he 

store. The path of 20 random customers from t his study is in figure 2.6. However, 

other researchers [12] have found that shoppers tend to pick up t heir purchased 

products in an order close to t hat suggested by t he traveling salesman path but 

tend to depart from t he shortest point -to-point path (i.e., travel deviations) as 

t hey move t hrough t he store. 

2.3 Optimization Framework 

The opt imization framework of t his study has two main components. The first 

component is described in section 2.4, where t he objective is to opt imize t he block 

layout of t he supermarket. Customer shopping paths are heavily dependent on 
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F IGURE 2 .6: PathTracker data from 20 random customers [2] 

the block layout , since a customer has to travel from various sections of t he store 

to purchase items that are on t heir shopping list. In other words, t he store block 

layout specifies customer traffic flow and determines t he different visibility areas 

inside the store. T he second component is described in section 2.5, where we 

use a shelf allocation model t hat optimizes t he visibility of impulse items on a 

supermarket shelf, t hus optimizing each section of t he block layout. T he goal of 

t he shelf allocation process is to maximize t he visibility of impulse items- we place 

t hem on shelves were customers can easily see t hese items. As an example, placing 

impulse items on t he bottom shelves make t hem not easily visible to customers 

even in high traffic areas. 
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Simulation Shelf Allocation Model 
Develop a simulation that Developed amathematical model for 

incorporates the various stochastic the shelf space allocation problem 
variables of asupermarket to model where the objective is to maximize 

acustome(s walking path in a the visibility of impulse items. 
supermarket 

Customer's Customer's 1. The shelf allocation model will use 

Profiles 
1. Generating customers (entities) 

from using different customer paths 
the customer's path information to - . 
knowhowmany people passed by 

Score 

profiles. Each customer will have a the different shelves in the 
randomly generated shopping list. supermarket. 

2. Predict the traffic flowof 2. The score of the layout will be 
customers within the supermarket, determined mainly by how many 

and numberof times customers pass times acustomerpassed by their 
their impu lse items impulse items throughout their trip. 

FIGURE 2. 7: Optimization Framework 

2.4 Block Layout Optimization 

The simulation-based method measures the traffic flow of customers for a partic-

ular block layout . It is difficult to capture the different variables of a supermarket 

in a mathematical model. The advantage of using simulation is that different see-

narios are reproduced to evaluate system performance. This is an advantage over 

deterministic methods that use only one situation to assess the system. A well de

signed simulation model can realistically capture stochastic behavior of customers 

within a supermarket. For instance , customers do not purchase the same items on 

every grocery trip, and each trip to the supermarket may be for different reasons. 

A simulation allow us to create different customers by generating shopping lists 

and predicting their paths using probabilistic modeling. Customer flows of the 

discrete event simulation are simulated by using the path generation algorithm. 
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Each customer in the simulation is an entity for the simulation model. To cre

ate an entity the simulation uses data that is pre-clustered. In section 2.4.1 we 

will describe how we build customer profiles. Then in section 2.4.2, we describe 

the K-medoids method we use to cluster the customer data. Lastly, in section 

3.2.3.1, we describe how t he simulation models customer travel behavior inside 

the supermarket . 

2.4.1 Customer Profiles 

Transactional customer data can be used to define different customer profiles. The 

Transactional data is a record of purchases made by the customer-i.e. how much 

did the customer spend, what time did the customer check out from the store, and 

what items did the customer buy [25]. Each customer profile consists of must

have items and impulse items. Suppose that there are K profiles of customers, 

indexed by k = l , ... , K and let 0k = l , ... , K define the set of must-have items 

for customer profile k. Also, let f3k = l , ... , K define the set of impulse items for 

customer profile k . We use transactional data from a supermarket ( a data set with 

3,423 transactions) along with a K-medoids method will find different customer 

profiles. An example of customers profiles are as follows [26]: 

Customer Profile I: Must-have items 0k = {I-2, I-11 , I-12 , I-13 , I-23 , I-25} 

and Impulse items f3k = {I-7, I-28} 

Customer Profile II: Must-have items 0k {I-2, I-11 , I-12 , I-20 , I-22 , 

I-30} and Impulse items f3k = {I-15, I-16} 
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Customer Profile III: Must-have items 0k {I-2, I-3 , I-11 , I-12 , I-20 , 

I-22} and Impulse items f3k = {I-24, I-29} 

2.4.2 K-Medoids 

A clustering method circumvents the problem of determining the correlation be

tween products because items that correlate are clustered together. K-medoids 

is the method of choice instead of K-means. We use a similarity metric from 

the Erkut and Verter paper [27] to compare each transaction instead of using a 

distance metric, and the update step for K-medoids ensures that transactions are 

clustered within an appropriate profile. 

The initial step of the algorithm is to find the "best" three hundred shopping lists 

(we used 300 because is roughly 10% of the transactions that we had available). 

The "best" shopping lists are defined as the lists that have a high average similarity 

score when you compare it to all the other shopping list. Then k shopping lists from 

the best three hundred shopping list become the initial medoids. Each shopping 

list is assigned to most similar medoid . Next , the algorithm iterates through all 

the shopping lists and assigns it to a cluster. When all the clusters are generated, 

the shopping list that has the highest similarity average score within their cluster 

becomes the new medoids. The algorithm keeps clustering the shopping list with 

the newly updated medoids until the medoids do not change anymore. Figure 2.12 

shows the average similarities scores for different size clusters that were generated. 
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2.4.3 Simulation 

The simulation evaluates the score of the block layout. The customers in the 

simulation are independent entities that move around the store to pick up their 

must-have items and impulse items, in accordance with the probabilistic choice 

rule in selecting the sequence of must-have items. Details are provided in section 

2.4.3.2. The method that creates entities in the simulation will be described in 

section 2.4.3.1. 

Goto
Assign Customer Enter 

Supermaket
Shopping List Supermarket 

zone 

FIGURE 2.8: Simulation Flow Chart 

2.4.3.1 Generating Customer Shopping Lists 

Once customer transactions are clustered, we have all the information needed to 

generate customer shopping lists. Each cluster is a collection of shopping lists, 

where the algorithm first creates a list of items that appear in the cluster of 

customers and then finds the number of times the items appear in the shopping 

list of the customer. The probability that a customer will have a specific item on 

their shopping list will depend on the number of times it appears in each shopping 

list. Note that we ignore the number of times an item appears on one transaction, 
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because we are concerned with the visibility of items within the store, and not 

in predicting the total revenue of the supermarket. Ultimately increasing the 

visibility of various products throughout the store, especially customer impulse 

items will encourage impulse purchases and increase the sales of the supermarket. 

2.4.3.2 Customer Paths Generation 

Previous models in the academic literature use the traveling salesman path gen

erated from the must-have items in the customer's shopping list as the path that 

the customer will take when traversing the store. However, the simulation gen

erates paths by looking forward just one step at a time. This is achieved by 

using a negative exponential function. The probability function that is used is: 

P(xi) = £';_,~':.x~x. This is a more realistic way of capturing customer movement 

in a store, since customers are likely to think sequentially about must-have items 

that they need to purchase when planning a path as opposed to optimizing the 

path using all must-have items in their list. 

The decision-making process of a customer viz-a-viz their path is as follows: The 

entering customer already has a pre-planned shopping list (must-have items) and 

determines the next block of the store to visit by using a probability function. The 

variable X i represents the probability of choosing block i next out all the N block 

the customer plans to visit. The value a is the penalization coefficient; it penalizes 

farther blocks by forcing them to have a lower probability. Thus customers are 

assumed to be more likely to travel to a nearer block for their next mus-have item 

purchase. 
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2.5 Detailed Layout 

In a plant layout situation, a detailed layout corresponds to arrangement of ma

chines in a specific block. In t he supermarket context, a block has shelves. We have 

to decide which block each item is placed on and the quantity of each item (total 

space for all assigned items to a block cannot exceed its space). T his optimization 

of items on shelves is referred to in t he literature as shelf layout optimization, 

e.g. see t he paper by Murray [28]. T he goal of our detailed layout module is to 

maximize t he visibility of impulse items in each block of t he supermarket . T he 

layout of each block is optimized separately. We now present t he optimization 

model for a single block. 

Consider a block wit h wit h N items and M storage locations (shelves) like t he one 

in Figure 2.9. We let f3i denote t he rate at which customers (for whom item i is 

an impulse item) pass by. It is important to note t hat t he block layout determines 

customer paths and hence t he f3i values. These values are determined by running 

t he simulation for a given block layout. 

Our first set of decision variables are t he binary variables Xi ,j , which are equal 

to 1 if item i is placed on shelf j , and O otherwise. Our second set of decision 

variables are integer variables Aj, which denote t he number of units of item i 

t hat are placed to shelf j. To make our model realistic we place lower and upper 

limits on t he f i, j values if X i,j is equal to 1. T he visibility level of an item depends 

on which shelf it is placed on and how much space is allocated to it. We let Vj 
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denote the visibility of shelf j. We are now ready to present our detailed layout 

formulation. 

W1 =B (The width of shelf1) 

1V1=2 w1=2 w1=2 w1=2 

Shelf 3 

fzz =3,x22 =1 
w2= w2= wi= 1V3= wi= wi= 
1.2 1.2 1.2 1.4 1.4 1.4 fo =3X3z =1 

Shelf 2 

FIGURE 2 .9: Detailed layout 

N M 

maximize (P) LL f3ivjAj (2.1) 
i j 

subject to L
N 

wIi i ,J · <- WJ ' Vj (2.2) 

M 

L Xi ,j = 1 , Vi (2.3) 
j 

L -x · < I · < U x · (2.4)1, Z,J - i ,J - 'l Z,J 

Aj E{O,1, 2, ..} , Vi, Vj (2.5) 

Xi ,j E{O,1} , Vi ,Vj (2.6) 
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The formulation (P) is explained as follows. The objective function (I) maximizes 

the visibility of impulse items. Constraint (2) makes sure that items placed on 

shelf j will not exceed that shelf capacity, W1. Constraint (3) ensures that each 

item is assigned to exactly one shelf. Constraint (4) provides an upper and lower 

bound on the units of an item that can be assigned to a shelf. 

2.6 Evaluating Different Block Layouts 

A naive way is to obtain a score for each possible block layout by running the simu

lation and picking the one with the maximum score. This method may be possible 

for small supermarkets t hat only have a few blocks. However, if the number of 

blocks in a supermarket is large we will need a meta-heuristic to find a near

optimal block layout. The meta-heuristic that we used is a variable neighborhood 

search algorithm [29]. 

The variable neighborhood search must consider the following restrictions before 

swapping block locations: size , location, and adjacency requirements. As an ex

ample of an adjacency requirement a block that contains a food item should not 

be kept next to a block that contains a rodent spray item. 

Consider a block layout z . For this block layout z we define a neighborhood 

structure that contains layouts N zk(k = I , ... , kmax)- A local search algorithm is 

one in which kmax = I , i.e . the neighborhood contains only one solut ion (usually 

the one t hat gives us t he maximum improvement through a simple interchange of 
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blocks). In a variable neighborhood search we randomly select between solut ions 

contained in the neighborhood. Our procedure is as follows: 

• Initialization: The starting point of the algorithm is the current block 

layout of the supermarket. A local search is run to obtain an incumbent 

solution , a. This incumbent a is further improved in the main steps described 

below. 

• Main Steps: (I ) Randomly select a block layout b in t he neighborhood of 

the incumbent a (using a specified value of k). (2) Perform a local search 

starting with block layout b to obtain a block layout c. If c is an improvement 

over b, we repeat steps 1 and 2 t ill the t ime limit is exceeded. 

2.6.1 Initial Solution 

Since the optimization framework is a constructive solut ion methodology, the start

ing solution will be the current layout of the supermarket . The simulation will 

first run for the current layout of the supermarket and give it a score based on the 

predicted supermarket flows and visibility level of each of the customer's impulse 

items. Deterministic methods can be used to get a starting solution for the sim

ulation. However, the supermarket must find a way to build the different profiles 

for the customers. 
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2.6.2 Neighborhood Change 

In the VNS algorithm, we define a Neighborhood change to be a layout change 

that has more than two swaps. Two departments should be the same size and 

have the same requirements to be eligible to swap. For instance, some items are 

required to be refrigerated , frozen to be kept at room temperature. 

2.7 Case Study of a grocery store in Western 

New York 

To investigate the practicality of our approach we tested this algorithm for a 

supermarket in Western New York. 

2.7.1 Data Collection and Analysis 

For our case study we assembled and analyzed data from three different sources: 

• The supermarket layout was obtained from the supermarket management in 

Western New York, and was used to construct a network that represents the 

supermarket. 

• Actual customer path data was obtained by observation, and was used to 

validate the path generation model used in Section 4.3.2. 
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• Customer transaction data was obtained from another public source and was 

used for creation of customer cluster profiles and specification of which items 

are must-have and which are impulse, for each customer profile. 

2.7.1.1 Supermarket Layout 

The supermarket layout was provided in the form of a CAD drawing, through 

which dimensions could be inferred. The layout of the supermarket is discretized 

by separating the areas of the supermarket into blocks. An undirected network of 

the supermarket was created by using the Networkx package in python to capture 

customer movement inside of the store. Figure 2.10 shows the network of the 

supermarket . Each shelf is represent by a node. In the network model, edges 

represent the walkways that customers can use during their shopping trip , and 

nodes represents a shelf. A block of a layout is represented by a collection of 

adjacent shelves. For example, the frozen dinner block can be represented by the 

collection of shelves 216, 217 and 218. 

2.7.1.2 Customer Path Data 

We conducted our empirical study over the three month period from June to 

August 2016. The store is a medium sized supermarket separated into 228 blocks. 

Our key objective for conducting this empirical study was to verify that the model 

we used in Section 4.3.2 for customer path generation matches closely with actual 

customer paths. To empirically verify this, we identified 100 customer volunteers 

to participate in our study at this supermarket. Each of these customers was 
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FIGURE 2.10: Supermarket Network 

given a survey, whose questions were based on a study conducted by Hui et al. 

[12]. The survey, which was conducted when they entered the store, asked the 

following questions: (1) Do you have a shopping list today? (2) How familiar are 

you with the store? (3) What items are on your shopping list? After they had 

answered these questions, a list of product categories in the store was provided to 

them and they selected all the products they intended to purchase. The customers 

were then free to shop, and once they were finished , we checked their receipts to 

see what they acquired during their shopping trip. This gave us the list of impulse 

items that they purchased. We captured the actual path of the 100 customers by 

discretely following each of these customers as they walked through the store. 

We found that out of the 100 customers surveyed at the supermarket , 59 bought 

impulse items that were not originally on their shopping list. On average, cus

tomers who did " impulse buy" bought three more items. Figure 2.11 illustrates 
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Number of Items Customers Purcnased vs tne Number Number of Items Customers Purcnased vs tne Number 

of Items Customers Actually Purcnased of Items Customers Actually Purcnased 

16 

14 

- Planned I Planned 

- Unplanned 1Unplanned 

Customer Number Customer Number 

F IGURE 2.11: Planned vs Purchased sales 

t he difference between t he number of items customers planned to get versus t he 

number of items t he customers bought. 

2.7.1.3 Customer Transaction Data: Creation of Customer Clusters 

and Must-Have and Impulse Item D esignation 

Customer transaction data was not provided to us by t he store where t he empir

ical study on customer paths was conducted , due to confidentiality reasons. We 

obtained customer transaction data from t he website dunnhumby, which has data 

from a group of 2,500 households who are frequent shoppers at a supermarket . 

The source fi le had information on t he supermarket, all t he purchases t hat t he 

customer made inside of t he store, and t he demographics and direct marketing 

contact history for select households. We used t his data set to cluster t he differ

ent customers for t he simulation and matched up t he product category wit h t he 
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supermarket layout we have and used the items they sold at their supermarket for 

the shelf allocation model. It is not evident how many clusters should be used. 

One method to decide on the appropriate number of clusters is to use the elbow 

method. Towards this end, we ran the k-medoids clustering algorithm on the data 

set for ranges of k from 5 to 95 in increments of 5. For each value of k, we calculate 

the weighted average similarity score for each point in each cluster. As shown in 

figure 2.12, the elbow occurs at 50 clusters, which is the number that we used. 

Weighted Average Cluster Score Minimum Cluster Size 
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FIGURE 2.12 : k-medoids Clusters 

Once customers were partitioned into 50 clusters, we need to determine the must

have and impulse items associated with each of these clusters. To do this we used 

the following rule: If an item is purchased by customers in the cluster less that 
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11 

20% of the time, it is labeled as an impulse item for customers in this cluster. 

Otherwise , it is labeled as a must-have item for customers in this cluster. We note 

that an item could be labeled as a must-have item for one or more clusters and 

simultaneously be labeled as an impulse item for other clusters. 

Cluster Profile No 

33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 
33 

Item 

Vitamins 
Vegetables/Potatoes 

Automotive 
Cakes 
Baby 

Seasonal 
CocoaMixes 

DeliMeat 
Magazines 

BottledWater 
Cream 

Candles/Accessories 
Apparel 

ElectricalSupplies 
PreparedFoods 

Candy 
Fruits 
Cards 

Cookies 
Coffee/Tea 

Cereal 
SaltySnacks 
CannedMilk 

Beer 
Floral 

I I Probability I Impulse or Must have II 
3% 
3% 
3% 
3% 
3% 
3% 
3% 
3% 
3% 
3% 
3% 
5% 
5% 
5% 
5% 
8% 
8% 
8% 
10% 
10% 
15% 
20% 
23% 
35% 
53% 

Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 
Impulse 

Must have 
Must have 
Must have 
Must have 

TABLE 2.1: Cluster 33 information 

2.7.2 Computational Study 

The store layout has 109 blocks (departments) , and within these blocks there are 

1466 different items that are allocated. Our first task is to establish a score for 
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the current layout. To do this we ran 15 simulations, each with between 10,000 

and 14,000 customers. Each created customer is assigned to one of the 50 clusters 

based on the cluster probabilities. Once we know which cluster a customer belongs 

to, a shopping list is generated using the item probabilities related to the cluster. 

This shopping list includes both must-have and impulse items. After a customer's 

shopping list is generated, the path that they take through the store is simulated 

and these paths are used to generate the score, which reflects the impulse item 

purchases made. Taking the average across all of the simulations we obtain the 

score for the initial layout. The next step is to use the VNS method to improve the 

block layout. The detailed layouts associated with each block are held constant 

at this point. After we have completed improvements in the block layout , the 

detailed layout is optimized for the final block layout obtained. When scoring 

the new layouts, the same seeds to generate customers are used. This provides a 

consistent scoring method across all layouts. 

Our optimization scheme found a layout that had a 5% impulse score increase. 

The swaps that made the biggest impact on the layout were the ones that changed 

the location of common impulse items. For instance, the locations for Cocoa Mix, 

Pickles , Sugar, and Sports Drinks were swapped, and each of the locations for 

these items was placed closer to the end-cap aisles. These items are impulse items 

for many of the 50 different customer profiles. 
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Product category groups in a supermarket store in Western New York, the United States 
Air fresheners 

Apparel 
Baby 

Baked Goods 
Bakeware 

Baking Products 
Bath Soaps 
Bath Tissue 

Battery 
Beer 

bird Seeds 
Bleach 

Bottled Water 
Bread 

Bread & Bagels 
Breading Coatings Crumbs 

Breakfast Bar 
Breakfast Sausage/ Sandwiches 

Bug 
Cake Mixes 

Cakes 
Candles / Accessories 

Candy 
Canned Beans 
Canned Fruit 

Canned Meat/Fish 
Canned Milk 

Canned Pickles /Olive 
Canned Soup 

Canned Vegetables 
Cards 

Cat Food 
Cat Litter 

Cereal 
Cheese 

Cocoa Mixes 

TABLE 2.2: 

Coffee/Tea 
Cookies 

Cooking Oil 
Crackers 
Cream 

Deli Meat 
Dish Soap /Detergent 

Dry desserts 
Eggs 

Electrical Supplies 
Ethnic meals 

Fish 
Floral 
Flour 

Frozen Bread /Pies 
Frozen Breakfast 
Frozen Dinners 

Frozen Fish 
Frozen Fruits /Toppings 
Frozen Meat /Seafood 

Frozen Pizza 
Frozen Potatoes 
Frozen Snacks 

Frozen Vegetables 
Fruit Juices /Drinks 

Fruits 
Gravy 

Health/Beauty 
Household Cleaners 

Ice 
Ice Cream 
Laundry 

Magazines 
Margarine/ Butter 

Meat 
Napkins 

Products Used in Simulation 

Nuts 
Oral Care 

Orange Juice 
Pancake Mix 
Paper Towels 

Pasta 
Pasta Sauce 

Peanut Butter and Jelly 
Pet Supplies 
Pharmacy 

Pickle/Relish/Pkld Veg 
Plastic Cups 

Precut Fresh Salad Mix 
Prepared Foods 

Powder/Crystal Drink Mix 
Refrigerated Dough Products 

Rice 
Rice Cakes 

Salad Dressing 
Salty Snacks 

Sauces 
School Supplies 

Seasonal 
Shampoo/Conditioner 

Snacks 
Soft Drinks 

Spices /Seasoning 
Sports Drink 

Sugar 
Sweet Snacks 

Trash 
Tupperware 

Vegetables/Potatoes 
Vinegar 

Vitamins 
Yogurt 
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2.7.3 Managerial Insights 

In t his section, will develop managerial insights to identify when to change a su-

permarket layout, both at a detailed level ( shelf layout) and at t he block level[30]. 

T he results obtained from our analysis answers t he question of how much difference 

in t he customer buying pattern would need to happen before we should consider 

changing eit her type of layouts. For small changes in t he customer buying pat

tern , one could merely change t he detailed layouts to capt ure t he shift in impulse 

buying behavior. For substant ial changes in customer buying pattern, one can do 

a modification of t he block layout followed, of course, by a change in t he detailed 

layouts. 

To establish different rules we perform data analysis to identify scenarios when 

t he layout of t he supermarket should be changed. The data analysis is shown in 

table 2.3. The first case we investigate is when t he sizes of t he customer profiles 

changes. We study t his by seeing how the layout score changes when t he percentage 

of customer in specific profiles increase or decrease. 

Clusters List of Products Probability Of P urchasing item Probability of Cluster 
1 [1,3,8] [q1 ,q3,qs] Pl 
2 [3,6,10] [q3,q5,q10] P2 
3 [5, 7,11] [q5,q7,qn] p3 

k [2,3] [q2,q3] Pk 

T A BLE 2. 3: Simulation Input Information 
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2.7.3.1 Changes in Clusters 

The percentage of customers in each cluster can change is due to lifestyle changes. 

Many American are changing to healthier diets. The chart 2.13 shows that in a 

relatively short time span, shoppers have become more focused on the healthiness 

of the goods they are buying. Another reason could be because of an additional 

member to a household. For instance , an addition of a child in a household will 

change the types of items that the household purchases. 

■ 2007 ■ 2010 2013 

25 

20 

15 

10 

With the shortest list That are locally grown That con tain only That are minimally 
of ingred ients or produced ingredients I processed 

recognize 

FIGURE 2.13: Percentage of survey respondents that said they sought these 
characteristics in their grocery purchases. 

The first scenano that was tested was increasing the percentage of customers 

in the most popular cluster, and seeing how it affected the overall traffic of the 

layout . Increasing the most popular cluster decreased the score of the layout to 

76%, because this cluster was for customers who mainly bought water. The overall 

traffic went down for the supermarket, since majority of the customers were only 

coming to buy one item. 
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The second scenario was increasing t he percentage of customers in t he least popular 

cluster. This has a posit ive affect on t he overall layout because the number of items 

customers purchased in t his cluster were large. This increase t he score of t he layout 

to 5%. Increasing t he percentage of customers in t his cluster brought up t he overall 

traffic, as customers were passing by t heir impulse items more frequent ly. 

The managerial insights t hat could be gained here is t hat changes in t he number 

of items bought has a posit ive or negative impact on t he layout. A decrease in 

shopping list size should requires a block change, since t he supermarket layout is 

extremely sensit ive to a decrease in t he number of items purchased . This makes 

sense because over t ime customers may purchase less items because and t hus 

become less likely to notice t heir impulse items. 

2.7.3.2 Changes in Probabilities of Purchasing Item 

The probabilit ies associated wit h purchasing items can change due to demand 

related reasons. Normally a demand curve is used to demonstrate t he relationship 

between price and demand of a product, and to underst and what changes the 

demand of a product you need to understand the different factors t hat affect t he 

demand. The customer preference of a product may change because a competing 

company comes out wit h an product t hat is more appealing to customers, and the 

supply cost change may effect t he cost of t he item. If a company cost go down, 

t hey may want to lower t he price of t he product and if t he cost go up , t hen t he 

company may sell t he items for a higher price . In addit ion, a t hinning market 
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might be the reason why the demand of a product go down since customers do 

not find that item appealing anymore. 

p 
Dl D2 

Q 

FIGURE 2.14: Demand Curve 

To gain insights we ran the simulation for 7 different runs, and for each run we 

decreased the probability of purchasing an item by .01%. In the graph titled 

"Average Layout Score for Decreasing Probabilities", it is shown that the plotted 

line has a negative slope, and By the 7th run the overall score for the layout 

decreased to up 50%. 

The managerial insights that could be gained here is that an decrease in purchasing 

products should requires either a block or detailed layout change. For a small 

decrease in probability change, which means the probability only decrease to less 

than .03%, a supermarket manager should change only the shelf layout since there 

was a slight change in average score in scenarios 1, 2, 3. However, for large 

decreases in probability .03% and up, a block layout change should be conducted. 
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FIGURE 2.1 5: Average layout score of the scenarios 

2.7.3.3 Changes in List of Products 

In this section we test the scenario of the list of products changes within each 

cluster. The reason why the list of products may change is because of lifesty le 

changes , seasonal, shortage of products, the change of prices of a product , or the 

change of demand for the product. 

# of items % Change of Score 
1 items 12% 
2 items 13% 
3 items 12% 

TABLE 2.4: Simulation Input Information 

We tested three different scenarios for this case. For the first case, we change only 

1 item in each shopping list , and ran the simulation for 14 different t imes. The 

score of the layout decreased by 12 percent. For the second case , we changed two 

items in each shopping list, however if the shopping list had one item we changed 
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that one item. The average score for that study decreased the overall score by 

13 percent. Then the last case was changed three item in a shopping list . If the 

shopping list had only 2 items, then we changed t hose two items, and if there is 

only one item, then we changed that one item. The average layout score went down 

by 12 percent. A 12 to 13 percent change in score is significant . However, if the 

items within each cluster are being changed, it is beneficial to re-cluster customer 

transactions and build new profiles for the layout analysis. The insight t hat found 

is to change the block layout of the supermarket if the items that customers are 

purchasing are starting to change. 

2.8 Conclusions and Future Research 

This paper provides a data-driven algorithmic framework for a supermarket to 

generate higher impulse revenue. Transactional customer data helps create clusters 

for a simulation model that predicts the flows of customers in a supermarket . 

This is used to guide in the optimization of the block layout. A shelf allocation 

model uses information from the simulation to optimize the shelf space and provide 

the layout a score. A case study based on a supermarket in Western New York 

demonstrated data collection schemes and the usefulness of the model and yielded 

a layout that had a 5 percent score increase. 

Our first managerial insight is that unlike traditional layout problem, where block 

and detailed layouts do not affect each other, in a supermarket setting the block 

and detailed layouts are not independent. This implies that a change in the block 
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layout can change the detailed layout . Our second managerial insight is that 

changes in the customer buying patterns can imply a benefit in changing either 

the block, detailed, or both layouts . 

The framework in this paper has its limitations. A VNS algorithm is used to create 

an improved block layout . Other heuristics could be attempted. There can also 

be a more in-depth empirical study to further evaluate the way customers walks in 

the supermarket. Also, the case study could be improved by generation by using 

factual data of customers and customer loyalty information. 
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Chapter 3 

An Mixed-Integer Programming 

Approach to Dynamically 

Position Promotional Products in 

a Retail Store 

The employment of promotional areas is an essential in-store marketing tool that 

maximizes the store's profit . An effective in-store marketing campaign influences 

customers to impulsively purchase items that are not init ially on t heir shopping 

list. The notion t hat motivates our work is that improved product visibility in 

promotional areas can stimulate strong impulse buying revenues [31]. 

The rotation scheduling of promotional areas is the process of placing desired 

brands and other impulse items in promotional areas with high visibility within a 
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supermarket . Scheduling the promotional areas of a supermarket involve deciding 

which items should be placed in which promotional areas , at what time, and for 

how long. One of the most common areas that are used as promotional areas are 

the end-caps aisles. End-caps aisles are highly visible areas located at both ends 

of an aisle in the supermarket and are regularly used for promotional purposes. 

In the research Larson et al. [2], they used a multivariate clustering algorithm to 

analyze the paths of customers within a supermarket, and they discovered that 

customers commonly do quick aisle excursions and spend the majority of their 

time near the end-of-aisle displays. Another type of promotional area is called 

island bin display, they are placed throughout the supermarket, and often used to 

display products that are on sale or as part of a promotion [32]. 

Shelf Rows 
/ I 

/ I 
End Cap End Cap 

Left S ide 

Right Side 

End Cap End Cap 

/ 
/ 

Walhvay Clearance 

FIGURE 3 .1: A grid unit with two shelf rows [3] 

The authors Tan et al. [33], did a systematic study to investigate the sales effective

ness of front end-caps displays versus rear end-caps displays within a supermarket. 

As people shop along the rear end of the store, they notice the end-cap displays 

and are reminded of an " impulse buy" [33]. An " impulse buy" is the use physical 
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products in t he store that serves as external memory cues that simulate new needs 

or trigger forgotten needs [20]. Tan et al. [33] also found that shoppers tend to 

feel more comfortable when t hey shop along the spacious area of the rear end of 

the store compared to the crowded area at the front of the store. They found 

that when items are sold on t he end-cap displays, there is an increase in sales of 

t hose products. Most interesting, sales for items on the rear end-caps outpaced 

the sales for items on the front end-caps ( 416% for rear end-cap versus 346% for 

front end-cap) [33]. They concluded that shoppers are more likely to stop and pay 

attention to the rear end-caps rather than the front end-caps [33]. 

3.1 Impulse Items 

There are different types of impulse items items that should be placed in promo

tional areas. There are certain impulse items items t hat are only attractive during 

a certain time of year. Displaying chips, dips, and other special sporting event 

worthy snacks are beneficial to display few days before t he special sporting event 

[34]. In addit ion, some items may turn into attractive impulse items during a 

season. For instance, during t he winter mittens and gloves might be impulse items 

because of t he cold weather. Lastly, an item needs to be moved quickly having a 

sale before an item expires or if a season change or a holiday comes to an end. 

The authors Thornton et . al did a study on promotional area displays for 35 

stores in Melbourne [32]. They found that these displays increase the frequency 

of shopping trips, and customers are exposed to snacks foods within Melbourne 
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supermarkets [32]. Many of the promotional areas displays are stocked with snacks 

such as chocolate , crisps , confectionery and soft drinks [32], and chocolate was the 

most prominent snack food item on display, appearing at the majority of checkouts 

and most frequently in island bin displays [32]. By providing snack food at the 

checkouts and broadening t he range of snack food displays in different parts of the 

stores, retailers maximize the opportunity to sell snack food items on impulse [12, 

13] . Other researchers have found that t here are a high number of snack foods at 

supermarket checkouts [35, 36]. 

3.2 Customer Perspective and Parameters 

In order to maximize customer response, promotional areas should contain impulse 

items that attract ones attention and entices them to make a purchase. There 

are four ways to generate a reaction from the customer: (1) t he impulse item 

attracts customers due to whether or not they offer deep discounts, gifts , or offers 

on popular products; (2) placing impulse items in promotional areas that match 

customers preferences; (3) placing items in promotional areas in the appropriate 

t ime periods; and (4) placing a variety of impulse items in different locations. 

These factors will result in potentially higher in-store profit to retailers due to the 

increase in impulse buys. 
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3.2.1 Placing Impulse Items in Promotional Areas that 

Match Customers Preferences 

To match the customers' preferences, we use transactional customer data to build 

different customer profiles. The transactional data is a record of purchases that 

details how much the customer spent, the time the customer checked out from the 

store, and what items the customer purchased [25]. Using a clustering model, we 

determine t he impulse items with the transactional data. 

We create each customer profile by using the k-medoids clustering algorithm to 

find various customer types , must-have items, and impulse items. Must-have items 

are purchases that are planned by the customer [12]. Where we have K profiles 

of customers, indexed by k = I , ... , K and let 0k = I , ... , K define the set of 

must-have items for customer profile k. Also, let f3k = I, ... , K define the set 

of impulse items for customer profile k. An example of customers profiles are as 

follows [26]: 

Customer Profile I: Must-have items 0k = I-2, I-11 , I-12 , I-13 , I-23, I-25 

and Impulse items f3k = I-7, I-28 

Customer Profile II: Must-have items 0k = I-2 , I-11 , I-12 , I-20, I-22 , I-30 

and Impulse items f3k = I-7,I-15 , I-16 

Customer Profile III: Must-have items 0k = I-2 , I-3 , I-11 , I-12 , I-20 , I-22 

and Impulse items f3k = I-71-24, I-29 

46 



Using dunnhumby, we obtained customer transactional data for a group of 2,500 

households who are frequent shoppers at a supermarket, from "The Complete 

Journey" dataset [37]. To identify must-have and impulse items we partitioned 

the customers in the data into 50 clusters. Then looking at the clusters we applied 

the following rule [4]: If an item is purchased by customers in the cluster less that 

20% of the time, it is labeled as an impulse item for customers in this cluster. 

Otherwise, it is labeled as a must-have item for customers in this cluster. We note 

that an item could be labeled as a must-have item for one or more clusters and 

simultaneously be labeled as an impulse item for other clusters [4]. 

Then we go within each customer profile, and get the probability of purchasing 

an impulse item, and average it over all the customer profiles. Zi denotes the 

attractiveness of item i. We have N different customer profiles , and p represents 

the different customer profiles. s(i , p) represents the impulse value of item i for 

customer profile p. We take the average impulse values for each item by using the 

customer profiles, and use it as a parameter in our mathematical model. 

For instance, in table 3.1 we have a column that denotes the group of the item, 

then a column that tells us the item number, and the impulse score. We input this 

data as parameters in our mathematical model, so this can represent the customer 

preferences of the simulation. 
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II Group I Item ID I Impulse Score II 

CAKES 27 3% 

CAKES 33 3% 

CAKES 75 3% 

CAKES 134 3% 

CAKES 192 3% 

CAKES 197 3% 

CAKES 230 3% 

CAKES 234 3% 

CAKES 243 3% 

CAKES 258 3% 

CAKES 260 3% 

TABLE 3 .1 : Impulse Score for items in Cake group 

3 .2.2 Placing Item s in Promotional Areas 1n the Appro

priate Time Periods 

The Zi ,t parameter denotes the attractiveness of item i in time period t . For the 

Zi, t values we use the results from the clustering techniques to get the values. The 

Zi ,t values accounts the impulse rate of an item due for seasonal purpose. Some 

items may become more attractive due to several factors. There are different items 

from different seasons such as spring, Summer, fall , and winter that may make an 

item more attractive. In addition, there are items from different holidays such as 
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t hanksgiving and Christmas t hat may make certain items highly impulsive . To 

account in t he noise from different t ime periods. We used t he uniform distribution 

to account in noise from each period. We added [0.001 ,0.5] for low impulse rates, 

[0.5,.1] for medium impulse rates, and [0.1,0.2] for high impulse rates. 

= [~!1s(i,p)l+U(O I ) z 
i ,t 
· N t , · 

3.2.3 Placing a Variety of Impulse Items 1n Different Lo-

cations 

Customer shopping paths are heavily dependent on t he block layout , since a cus-

tomer has to travel from various sections of t he store to purchase items t hat are on 

t heir shopping list. In other words, t he store block layout specifies customer traffic 

flow and determines t he different visibility areas inside t he store. T he location of 

t he customers must-have items will have a direct impact on which promotional ar

eas a customer will most likely see. Researchers found t hat shoppers tend to travel 

only select aisles in t he grocery store, and customers rarely zig-zag throughout t he 

aisles of t he store [12]. T herefore, previous models in t he academic literature use 

t he traveling salesman path generated from t he must-have items in t he customer's 

shopping list as t he path t hat t he customer will take when traversing t he store. 

We use a simulation created by Dorismond et. al [4], to get t he parameters for 

t he mathematical model. T he purpose of t his parameter is to take in account a 

customer's path within t he model. We use t he simulation to predict customers 
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path , and to see where customers of a specific type are likely to pass by t he most . 

We can t hen cater t hose promotional items to a specific type of customer. We use 

O\ e to represent t he number of people t hat have item i as an impulse pass by t he 

promotional area e. 

3.2.3.1 Simulation 

The simulation creates each customer by using t he clusters. We first use a cluster 

based on t he number of transactions t hat were allocated to t hat cluster. Once we 

know which cluster a customer belongs to, a shopping list is generated using the 

item probabilities related to the cluster. The simulation generates customer paths 

by looking forward just one step at a t ime. The customers in t he simulation are 

independent ent it ies t hat move around t he store to pick up t heir must-have items 

and impulse items, in accordance with t he probabilistic choice rule in selecting t he 

sequence of must-have items. The probabilistic choice rule uses t he probability 

function: P(xi) = ~e5~8:_;x. This is a realistic way of capt uring customer movement 

in a store, since customers are likely to t hink sequent ially about must-have items 

t hat they need to purchase when planning a path as opposed to opt imizing the 

path using all must-have items in t heir list . 

The decision-making process of a customer viz-a-viz t heir path is as follows t he 

flowchart in figure 3.2 [4]: The entering customer already has a pre-planned shop

ping list (must-have items) and determines t he next block of t he store to visit by 

using a probability function. The variable Xi represents t he probability of choosing 

block i next out all t he N block t he customer plans to visit . The value 8 is the 
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penalization coefficient; it penalizes farther blocks by forcing them to have a lower 

probability. 

Goto
Assign Customer Enter 

Supermaket
Shopping List Supermarket 

zone 

FIGURE 3.2: Simulation Flow Chart [4] 

We used [20]. However, the difference between our work is that we give the entities 

a choice within the model. Instead of predetermining the paths. For instance , we 

use the following example to illustrate how we solve for a customer. For a shopper 

with the shopping list: Eggs, Milk, Bananas, Rice. To make a path for this 

customer the shopper must first visit the entrance node and zones:1,2,3,4. Then 

must exit the store. A customer's path always starts at the entrance node , and 

ends at the exit node. There are k! of different paths that customer may take, but 

the customer decides which path they will visit next within the simulation. 

To achieve impulse item variety among the different promotional areas, we added 

constraints to the model that placed limits on the type of items that will be 

placed. Once an item was displayed in a promotional area, we prevent that item 

to be displayed again within any promotional area. In addition , two items from 

the same group were prohibited from being placed within adjacent promotional 

areas in to order to prevent item repetition. Also, only M items from a specific 
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product group could be placed in the promotional areas. Adding these constraints 

within the model ensure that there was a diversity of items being placed within 

the promotional areas throughout the store, to enhance the customer shopping 

experience by enabling groups of people shopping together to see different impulse 

items that could entice an impulse buy. 

3.3 Mathematical Programming Formulation 

In t his section we will describe t he different components of the optimization model. 

Section 3.3.1 provides the problem statement and elaborates on the key assump

tions made in this work. In section 3.3.2 we will introduce our notation and the 

mathematical problem created to solve the scheduling problem. Table 3.2 sum

marizes the parameters for mathematical formulation. 

3.3.1 Problem Statement 

Consider a retailer who seeks to decide what are the optimal placement of items 

in t he promotional areas of t he supermarket. The promotional areas of the su

permarket are highly visible areas of the supermarket that can attract customers 

to impulse purchase. In order to address the retailer problem we designed this 

problem as a scheduling problem that is involved in deciding on which products 

should be chosen, which promotional area, and at what t ime period. 
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3.3.2 Notation and Mathematical Programming 

Decision Variables 

Xiet = I, if item i is scheduled to be placed in promotional areas e at time period 

t , 0 otherwise. 

Wiet = I, if Xiet = 0 and Xie(t+ l ) = 1. The purpose of t his decision variable is to 

create a set up cost, and to create linearization constraints within the model. The 

set up cost deals with the amount of resources a supermarket has to change the 

promotional areas of the supermarket. We do not count the case where Xiet = I 

and Xie(t+l ) = 0, because it will double count a change within the optimization 

model, and t he rest of t he cases do not represent a change within the model 
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P aram eter D escription 

~ J: Set of items, index i = 1, ... , II I ttl 
t"" 
trl 
w

G: Set of Promotional Area groups tv 

"O 
~ 
'iQ: Set of items within product groups 
~ 

~ ,,.,.
E: Set of promotional areas, index e = 1, ... , IEI ('!) 

'i 
Ulvi 

.i::.. o' 
T: is the number of t ime periods 'i 

~ 
~ ,,.,. 

Zi,t: Attractiveness of item i is in t ime period T ('!) 
p-' 

s 
~ ;:;·O\e: expected number of people that have item i as an impulse to pass by Promotional area e. e:., 
~ 

Mt: Number of items from the same group that are placed in the promotional areas in time period t 0 
p.. 
~ 

Et: Number of changes that could be done to different promotional areas at time period t 



3.3.2.1 

I E T 

max1m1ze L L L aeZitXiet (3.1) 
e 

subject to L Xiet = 1 , Ve EE, t = 1, ... , T (3.2) 
iEJ 

, \lg= l , ... , G; e EE; t = 1, ... ,T (3.3) 

L L Xiet :S: 1 , \/q = 1, ... , Q ; g = l , ... ,G; t = 1, .. . , T 
eEEq iEl g 

(3.4) 

L L Wiet 2'. B ub , Vt = 1, ... ,T (3.5) 
iEJ eEE 

, Vt= 1, ... ,T (3.6) 
iEJ eEE 

T

L L Wiet :S: 1 - L Xi ,e ,O , Vi E J (3.7) 
eEE t eEE 

, Vi E I , e E E , t = l , ... ,T (3.8) 

, Vi E I , e E E , t = l , .. . ,T (3.9) 

, Vi EI, e EE, t = 1, ... , T (3.10) 

Xiet E 0, 1, Y iet 2'. 0, Wiet 2'. 0 (3.11) 

The decision variables of the model are Xiet (integer). The variable Wiet (integer) 

are used to linearize the formulation. The various constraints (2) -(9) are are 

induced by the capacity limitation of the promotional areas. Constraints (2) -(3) 

are capacity where constraint (2) only allows at most one item to be placed on the 

promotional area at t ime period t, and constraint (3) make sure if are no more 
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than M promotional areas t hat have items from the same group. Constraint (4) 

makes sure only one item from the same group are in adjacent promotional areas. 

Constraint number (5) is lower bound of the number of swaps a promotional area 

can have. Constraint number (6) is the upper bound of the number of swaps an 

promotional area can have. Constraint number (7) ensures that an promotional 

item is only displayed for an consecutive t ime periods only once. The constraints 

(8) -(10) ensures we only count the situations where Xiet=O and Xie(t+ l )=l, since 

the variable Wiet of the model keeps track of the changes we make wit hin the 

promotional areas, and should only be 1 when we are changing the items in the 

promotional area. 

3.4 Case Study of a grocery store in Western 

New York 

To investigate t he practicality of our approach we tested this algorithm for a 

supermarket in Western New York. The supermarket is a tradit ional mid-sized 

grocery chain store, that has a grid layout to allow customers to roam the store 

freely. There is one entrance, and when you walk inside the supermarket, you 

are immediately welcomed by the smell of flowers , vegetables , and fruit. Most 

customers who come to t he supermarket have a list of items they plan to buy. 

Some customers may have a physical list of everything they want to buy; others 

may have a mental list of t hings t hey did to buy and some customers may only 
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have an idea of the items they want to buy. For instance, a customer may wish to 

purchase items to prepare for dinner however they do not know exactly what . 

The supermarket layout was rendered in the form of a CAD drawing, through 

which dimensions could be inferred. Due to a confidential agreement, we cannot 

disclose the supermarket layout in the paper. Therefore, we create a replicate of 

the layout shown in figure 3.3, and each yellow spot on the figure represents a 

promotional area. The supermarket has 109 different departments, and within 

these departments, 1466 different items are allocated. 

To get the different a e values, we use the simulation. Each time we run the simula

tion in python, we generate between 10,000 to 14,000 customers, and we collect the 

customer path information to see which promotional areas the customers passed 

by. The different ae values represent the expected number of times a customer 

will pass by that promotional area. We also use the transactional data to get the 

Zi ,t values. We use the complete journey data set from dunnhumby.com to get the 

transactional data. We use the method we describe in section 3.2.1 and cluster the 

customer data into 50 distinct clusters to find all the customers' impulse items to 

get all the Zi ,t values. The parameters values that are obtained from the simulation 

and k-medoids are used in the MIP, and the system is implemented in Python, 

interfacing via gurobi program to solve the integer program. Then we use a robust 

methodology described in section XX, to see the layouts that perform well over 

different scenarios, and choose the most robust schedule to become the solution. 
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F IGURE 3.3 : Supermarket Layout 

3.4.1 Promotional Area Traffic 

We used t he information from t he simulation to plot t he different visibility levels of 

the different promotional areas. The results are summarized in figure 3.4 and table 

3.8. On average t he node 163 gets t he highest visibility level. In figure 3.5, t he 

x-axis represents all t he different nodes in t he supermarket , and t he y-axis gives 

you all t he traffic level for t hat particular node. T he box and whisker show you 

that it is predicted that each promotional area will have different levels of t raffic, 

and some promotional areas will get more visibility t han others which makes sense 

according to the research done by [33]. The node that is denoted by the number 

2 gets no visibility in t he simulation, but it makes sense because that node is in 

t he far left corner of t he store , and the supermarket manager should not expect 

too much traffic in t hat area. T he optimization will automatically pair t he items 

wit h t he highest rewards to t he most attractive promotional areas in t he store to 

increase t he objective function. 
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3.5 Robust Solution 

Since the way customer shop within the supermarket is stochastic, it is hard to 

get a precise estimate of the different parameters in the mathematical model. 

Especially for the a e since the traffic level next to a promotional area is purely 

stochastic. Therefore, we had to create a robust solution to get a schedule that 

works well over the different scenarios that might happen. Since we ran the simu-

lation multiple times to get different values of a e, we got different schedules. Let 

us denote ar as the set of ae from run r. Therefore a r = a;:, a;, ... , a 62 . To find 

the best schedule for all the different scenarios that were created, we created a 

robust solution. 

To get this robust solution we find the optimal schedule for a particular ar, and 

then run that same schedule for all the other ar. The schedule that will be chosen 

will depend on the type of decision maker. If the decision maker is risk neutral 
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then they would prefer to maximize their expected value , or if the decision maker 

is risk-averse preferences then they would be willing to choose a schedule that 

returns the MinMax, or if the decision maker is risk seeking means that means 

the individual is inclined to select the schedule that yields the highest return for 

a particular scenario. 

We use the table as a small example. In this example, we have three different 

Ctr , and we optimized the schedule for each Ctr. So the diagonals in the table are 

the optimal objective function solve for the corresponding Ctr. So we have three 

different schedules, and if a customer is risk neutral, they will choose S1 because 

that schedule on average does better across all the different scenario. A risk-seeking 

decision maker will choose S3 because it gives the highest value for a particular 

scenario, and a risk-averse decision maker may choose schedule S3 because for the 

worst scenario it produces the highest returns out of all the schedules. 

S1 S2 S3 

al 79 40 35 

a2 50 75 40 

a3 30 60 80 

mm 30 40 35 

max 79 75 80 

mean 53 58 52 

We ran the simulation 29 different times and got 29 different sets of ar. The 

results are presented in table 3.3. The schedule that is performing the best is 
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Schedule 1 2 3 4 5 
mm 29,282.21 29,078.82 29,362.21 28,938.41 29,468.00 
max 39,552.79 39,301.30 39,616.42 39,100.47 39,860.03 
mean 34,502.93 34,312.61 34,537.87 34,124.66 34,746.69 

Schedule 6 7 8 9 10 
mm 29,113.59 29,050.43 29,267.58 28,862.69 29,386.05 
max 39,309.87 39,142.94 39,490.41 38,999.17 39,753.25 
mean 34,342.23 34,184.99 34,490.71 34,033.50 34,672.79 

Schedule 11 12 13 14 15 
mm 29,003.27 29,693.28 28,842.91 29,302.72 29,655.91 
max 39,218.66 40,040.46 38,948.15 39,641.40 39,981.80 
mean 34,237.00 34,993.85 34,026.61 34,613.50 34,930.99 

Schedule 16 17 18 19 20 
mm 29,609.26 28,786.93 29,283.29 29,491.68 29,171.64 
max 40,004.18 38,945.36 39,472.70 39,877.50 39,371.70 
mean 34,914.98 33,961.11 34,497.61 34,781.98 34,393.02 

Schedule 21 22 23 24 25 
mm 29,393.49 29,335.97 29,578.60 29,075.47 29,272.42 
max 39,843.77 39,646.67 39,863.87 39,297.03 39,580.44 
mean 34,658.35 34,606.97 34,840.69 34,295.05 34,568.73 

Schedule 26 27 28 29 
mm 28,737.57 28,915.49 29,204.04 28,762.82 
max 38,823.87 39,056.60 39,439.35 38,835.36 
mean 33,909.79 34,130.21 34,436.77 33,922.96 

TABLE 3.3 : Robost Solution Table 

schedule number 12. Schedule 12 got a objection function of 29,693.28 which was 

the highest minimum, on average the schedule got 34,993.85 which is the highest 

out of all the other schedules, and got the highest objection function for a scenario 

which is 40,040.46. 

3.6 Application 

This model can be used as a marketing application for a supermarket which is 

anticipating a change within their supermarket , where a traditional supermarket 

wants to cater to a specific type of customer and decides to change their marketing 

61 

https://40,040.46
https://34,993.85
https://29,693.28
https://33,922.96
https://34,436.77
https://34,130.21
https://33,909.79
https://38,835.36
https://39,439.35
https://39,056.60
https://38,823.87
https://28,762.82
https://29,204.04
https://28,915.49
https://28,737.57
https://34,568.73
https://34,295.05
https://34,840.69
https://34,606.97
https://34,658.35
https://39,580.44
https://39,297.03
https://39,863.87
https://39,646.67
https://39,843.77
https://29,272.42
https://29,075.47
https://29,578.60
https://29,335.97
https://29,393.49
https://34,393.02
https://34,781.98
https://34,497.61
https://33,961.11
https://34,914.98
https://39,371.70
https://39,877.50
https://39,472.70
https://38,945.36
https://40,004.18
https://29,171.64
https://29,491.68
https://29,283.29
https://28,786.93
https://29,609.26
https://34,930.99
https://34,613.50
https://34,026.61
https://34,993.85
https://34,237.00
https://39,981.80
https://39,641.40
https://38,948.15
https://40,040.46
https://39,218.66
https://29,655.91
https://29,302.72
https://28,842.91
https://29,693.28
https://29,003.27
https://34,672.79
https://34,033.50
https://34,490.71
https://34,184.99
https://34,342.23
https://39,753.25
https://38,999.17
https://39,490.41
https://39,142.94
https://39,309.87
https://29,386.05
https://28,862.69
https://29,267.58
https://29,050.43
https://29,113.59
https://34,746.69
https://34,124.66
https://34,537.87
https://34,312.61
https://34,502.93
https://39,860.03
https://39,100.47
https://39,616.42
https://39,301.30
https://39,552.79
https://29,468.00
https://28,938.41
https://29,362.21
https://29,078.82
https://29,282.21


strategy. An example would be the retailer CVS who wished to be seen as a health 

care company and decided in 2014 to stop selling cigarettes [38]. This move was to 

change their brand from a regular retailer store to shift into a health retail store, 

and in return wanted to attract customers who are health conscience. We can 

use this application for a supermarket to intend to attract more customers of a 

particular type of group, let the customers in cluster 1 represent those customers. 

Where the marketing manager expects the number of people from cluster one to 

increase, and the number of people from the other clusters to remain the same. 

Table 3.4 represents the summarized data that the supermarket manager will face. 

The first column is the current probabilities of the clusters, and cluster 1 first 

represents ten percent of the overall population. Then S1 to S4 represents the four 

different scenarios that might occur. S1 the population of cluster 1 might increase 

10% with the probability of 10%. S2 the population of cluster 1 might increase 

20% with the probability of 30%. S3 the population of cluster 1 might increase 

30% with the probability of 40%. S4 the population of cluster 1 might increase 

40% with the probability of 20%. As you can see from the table, cluster one 

increases over the different scenarios, and we recalculate the changes to represent 

it in overall. 
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2* Clusters 

1 2 3 4 5 Probability 

Current 10.0% 20.0% 30.0% 25.0% 15.0% 

Scenarios 1 10.9% 19.8% 29.7% 24.8% 14.9% 10% 

Scenarios 2 11.8% 19.6% 29.4% 24.5% 14.7% 30% 

Scenarios 3 12.6% 19.4% 29.1% 24.3% 14.6% 40% 

Scenarios 4 13.5% 19.2% 28.8% 24.0% 14.4% 20% 

TABLE 3.4: Summarized Marketing Data 

3 .6.1 Clust er Information 

Each cluster that was generated hold valuable information about the supermarket 

clusters. Two metrics that are important . One is how large each cluster is, because 

it is important to know how many transactions fit within a specific cluster. The 

second metric is the size of the transactions that were assigned to each cluster. For 

instance, in table 3.6 cluster number 37 has the highest number of transactions 

that was assigned to that cluster. However , the average size of these transactions 

is only 2 items. 
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FIGURE 3.5: Subplots for Customer Cluster information 

This information is valuable to a supermarket manager because if he notices a 

change within the clusters, or if it is forecast that the clusters will change, he 

could use that to his advantage. For instance, there would be that the proportion 

of each cluster change. The reasons why each cluster might change is because 

there is an increase of customers of a certain type comes inside the store, which 

in return increase the size of a cluster. The number of a certain type of customer 

decreases. Lastly, the customers that normally shop at the supermarket shifts to 

a different type, and increases one clusters and decreases the other. 
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3.6.2 Increasing Cluster 1 

Current S1 S2 S3 S4 

r current 40,768.31 38,567.05 39,217.26 38,997.20 39,248.96 

r1 31 ,147.09 30,642.72 31 ,009.18 30,863.68 31 ,057.99 

r2 39,453.17 39,868.84 40,650.55 40,300.32 40,595.63 

r 3 40,028.13 39,175.19 39,889.44 39,687.98 39,930.19 

r4 33,261.31 32,499.01 33,114.17 32,911.54 33,182.01 

mm 31,147.09 30,642.72 31,009.18 30,863.68 31 ,057.99 

max 40,768.31 39,868.84 40,650.55 40,300.32 40,595.63 

mean 36,931.60 36,150.56 36,776.12 36,552.14 36,802.95 

TABLE 3.5: Cluster 1 Results 

To test this application we choose to see what happens when we change cluster 

number 1. In order to do our testing we first changed the size of cluster 1 four 

different times. f 1 represents the case when the size of cluster 1 increases up to ten 

percent , f 2 represents the case when the size of cluster 2 increases up to twenty 

percent , f 3 represents the case when cluster 1 increases to thirty percent , and f 4 

represents cluster 1 increases to forty percent . For each case we run a simulation 

for each case ten times , and average the values for all the ar . 

3.6.3 Increasing Cluster 46 

Then we decided to increase the size of cluster 46 to see the effects it will have in 

the supermarket. The reason why we choose cluster number 46 is because it is the 
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8th largest cluster, and the average shopping list of the customers that shop there 

is 12, which is larger than all the other clusters that is larger than that cluster. 

The data can be seen in table 3.6. 

Cluster Cluster Size Average Shopping List 

37 596 2 

TABLE 3.6: Ten largest Clusters 

40 351 5 

4 240 7 

9 232 5 

12 207 9 

27 74 4 

10 72 4 

46 71 12 

29 68 10 

35 62 10 

The results from table 3.7 shows what should the supermarket manager expect 

if there is increases in cluster 46. If all the clusters remain the same then you 

will have an overall score of 42 ,561.78 for the optimized scheduling of promotional 

items. The case where the supermarket will receive the most gains is if scenario 

number two happens, and clusters 46 increases to 20 percent. This is the best 

scenario because it has the largest minimum, maximum, and mean out of all the 

different scenario. The situation that is the worst is scenarios 1 is because it has 
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Current S1 S2 S3 S4 
r current 42,561.78 33,649.18 43,881.11 43,124.53 35,936.85 
r1 42,327.84 33,796.27 43,803.16 43,051.26 35,795.51 
r2 42,505.92 33,629.75 44,052.94 43,236.83 35,916.76 
r 3 42,478.21 33,628.17 43,964.79 43,315.79 35,916.65 
r4 42,520.43 33,602.42 43,924.93 43,216.33 36,003.73 
mm 42,327.84 33,602.42 43,803.16 43,051.26 35,795.51 
max 42,561.78 33,796.27 44,052.94 43,315.79 36,003.73 
mean 42,478.84 33,661.16 43,925.39 43,188.95 35,913.90 

TABLE 3.7: Cluster 46 Results 

the lowest minimum, maximum and mean out of all the scenarios. Therefore, 

Schedule number 2 is the most robust schedule out of all the situations. 

3.6.4 Targeting Special Groups 

To further explore the effectiveness of this model, this model can also be used as an 

tool to see the effectiveness of promotions certain items throughout the store. For 

this investigation we increased the impulse value of two items that the customers 

normally impulse buy. The two items are Sports Drink and Vitamins. We wanted 

to see how the score of the overall objective function will change. Similar to the 

previous application, we ran the simulation for up to 10 times and got an average 

of all the ar values. The objective function actually decreased from 42,561.78 to 

35,535.18. 

3.7 Conclusions 

We examined a scheduling problem where the retailer is interested in finding the 

optimal location of items in promotional areas. We modeled the problem by using 

67 

https://35,535.18
https://42,561.78
https://35,913.90
https://43,188.95
https://43,925.39
https://33,661.16
https://42,478.84
https://36,003.73
https://43,315.79
https://44,052.94
https://33,796.27
https://42,561.78
https://35,795.51
https://43,051.26
https://43,803.16
https://33,602.42
https://42,327.84
https://36,003.73
https://43,216.33
https://43,924.93
https://33,602.42
https://42,520.43
https://35,916.65
https://43,315.79
https://43,964.79
https://33,628.17
https://42,478.21
https://35,916.76
https://43,236.83
https://44,052.94
https://33,629.75
https://42,505.92
https://35,795.51
https://43,051.26
https://43,803.16
https://33,796.27
https://42,327.84
https://35,936.85
https://43,124.53
https://43,881.11
https://33,649.18
https://42,561.78


an integer program that maximizes the schedule by using the impulse rates and 

traffic information from a simulation. We also included three main components 

that will potentially lead to higher in-store profits. We insured to place impulse 

items in promotional areas that match customers preferences , we done this by 

creating the Zi ,t parameter that use data from clustering customer's transaction 

from k-medoids. Then we had to include the fluctuations of the attractiveness of 

an item due to the variables that seasonal purposes. We also used results from a 

simulation that help place a variety of impulse items in different locations. 

Our proposed model can be a tool for a supermarket manager who is anticipating 

change within the buying trends of customers. The first application we studied is 

how should a supermarket manager use this tool if a specific cluster of customer 

increases. Then we used the model as another application that tells the supermar

ket what to expect if they focus on targeting specific items that affect a multiple 

cluster of customers. 

Future studies can do more on time periods. For instance, an promotional area 

could be changed twice per time period due it being easily change. A promotional 

area can easily reflect the changes that could happen during the day. For instance, 

putting beer in front of the store at night could foster more impulse sales. In 

addition , each promotional area may have a different cost associated with it. These 

points provide a fruitful extension area for future studies. 

A natural extension of the model would be to use real-time data and historical data 

to determine the Zi ,t scores for the model, where decisions are made dynamically 

depending on which customers are active and their actual profiles. 
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3.8 Appendix 

Node Max Median Average Std Node Max Median Average Std 
0 449 148 154.76 86.93 184 2753 1529 1,436.21 597.35 
1 169 53 56.55 34.88 60 4088 2543.5 2,576.31 379.64 
5 1103 280.5 313.84 213.57 61 563 82 125.37 126.73 
134 2608 1703.5 1,646.27 455.29 62 1836 953.5 925.31 346.21 
14 509 145.5 153.39 94.36 193 3482 1907.5 1,856.52 546.14 
143 4387 3032.5 3 ,046 .11 518.85 194 2442 1080 1,055.70 531.54 
144 4174 1970.5 1,987.73 719.41 71 4465 2633 2,674.60 404.69 
19 1536 600 613.93 288.78 72 1753 933.5 908.81 309.56 
22 1713 638 657.41 319.27 203 3327 2097 1,972.69 691.92 
153 5797 3268.5 3 ,274.89 740.41 204 2476 938 926.76 575.17 
154 4560 1773 1,805. 13 705.29 205 2854 944 998.38 628.26 
28 4976 3122.5 3 ,077.26 743.83 81 3391 2335.5 2,347.89 354.88 
133 5309 3081 3 ,109.01 606.65 82 882 114 143.29 119.08 
163 6733 4023 4,025.58 786.49 83 875 298 356.39 177.02 
164 2746 1492 1,458.01 513.61 84 2187 1078.5 1,076.59 348.64 
38 3707 2346.5 2,319.69 525.03 214 2869 1267 1,287.33 632.57 
39 1604 123 184.57 223.09 215 2844 908.5 914.15 636.55 
41 1750 217 350.22 352 .64 93 4173 2678 2,704.80 388.80 
42 1741 260 397.03 382 .84 94 2264 1134 1,137.51 355.32 
173 4437 3153.5 3 ,076.76 703.50 103 3818 2671 2,689.42 370.08 
174 2379 1397.5 1,349 .68 447.84 104 2484 1323 1,347.81 450.45 
49 4493 3122.5 3 ,155 .41 468.32 113 5218 3706 3,712.66 519.47 
50 681 83 138.76 159.10 114 2594 1595.5 1,560.27 439.08 
52 1486 264 382 .24 339.30 123 4601 3044 3,046.16 513.97 
183 5063 3176 3 ,090.52 763.33 124 3588 1714 1,693.78 539.65 

TABLE 3.8: Traffic Information for each Node 
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Chapter 4 

Summary and Conclusion 

We address the retail facility layout design problem in this dissertation and con

tribute to the academic literature by studying problems that have not been worked 

on the industrial engineering and operations research field. In traditional facility 

layout problems the primary objective is to minimize the material handling cost, 

however, in this dissertation, we focused on engaging customers in the store by 

increasing the visibility of impulse items. Since the more items customers are ex

posed to in the supermarket directly impacts the sales of the supermarket . It is 

evident that increasing the visibility of impulse items leads to an increase in sales 

revenue. 

The first problem we worked on provided a data-driven algorithmic framework for 

a supermarket to generate higher impulse revenue with the purpose to develop 

an analytic tool to recommend changes to the block and detailed layouts of a 

supermarket in order to maximize the visibility of impulse items. The proposed 
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tool employs a simulation model to analyze t he quality of different potential block 

layouts. T he simulation uses a path generation model t hat is leveraged on his

torical data to emulate t he customer behavior and replicate t he customer flows 

in t he supermarket. A shelf allocation integer programming model determines 

t he visibility of impulse items by taking into consideration t he predicted customer 

flows and produces an optimal detailed layout as well as t he overall score of t he 

solut ion. We demonstrate t he applicability of t he proposed tool by solving t he 

layout problem of a medium-sized supermarket in Western New York. Our results 

indicate t hat even minor alterations to t he block and detailed layouts may have a 

significant impact on impulse purchases. We found two managerial insights. F irst, 

unlike tradit ional layout problems where block and detailed layouts do not directly 

affect each other, in a supermarket setting, t he block and detailed layouts are not 

independent , implying t hat a change in t he block layout can also trigger changes 

in t he detailed layout. Second, changes in t he customer buying patterns can imply 

a benefit in changing eit her t he block, detailed or both layouts; t hus, a periodical 

reevaluation of t he layouts is recommended. 

T he second problem explores a mixed integer program (MIP) approach to dy

namically posit ion promotional items in a retail store . We focus on using a MIP 

t hat designs a schedule to optimally place items in promotional areas in order 

to increase t he number of impulse sales and influence customers to purchase spe

cific products and brands supporting a given marketing strategy. T he MIP model 

takes in to account customer traffic and impulsiveness of each item to determine 

t he best placement , and t he t he product should remain in t he promotional area. 
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We found three managerial insights. The first is discovering the optimal number 

of promotional area to change each time period and which promotional areas to 

change in a specific time period. The second is finding how many items from each 

promotional area should be placed for each product group in the promotional ar

eas , and lastly, where are the optimal placement of certain items in promotional 

areas. We will demonstrate the tractability and usefulness of the model by using a 

case study of a supermarket in Western New York. We solved the problem using a 

mixed integer program in gurobi, and was able to find optimal schedule in a short 

period. 

The retail facility layout design problem is an extensive topic, and many re

searchers in other fields have done work on it. However, there is much exploration 

for creating models for it in Operations research. Our research can be developed 

into possible research directions for retail facility design. One possible research 

endeavor is building models for the online shopper. There hasn 't been any work 

in operations research that maximized the layout of an online supermarket. The 

layout of the supermarket can be customized to fit different customer profiles that 

shop at the online retail store . For instance, an older shopper may prefer one 

layout over the other. Also, one must consider the different types of content that 

must be allocated on the webpage. 

Finding other models to help determine the uncertainty in customer behavior and 

impulse item rates to provide several research directions to extend layout design 

models. Finding different ways to modeling the customers' path can be further 

studied to create more accurate paths to capture the supermarket flow better. 
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Also, studying the negative effect of travel distance on customers purchase de

cisions can be studied. In our studied, we avoided introducing the interaction 

between different product categories, such as substitution and complementary re

lationships by clustering the customers' transactions. We assumed that items that 

are correlated would be assigned to the same cluster. 
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